ABSTRACT
INTRODUCTION
Increasing numbers of major electricity consuming appliances in households, such as heat pumps (HP) and electric vehicles (EV), cause the peak in electricity use to rise. In addition to that, increasing photovoltaic (PV) power production may cause a peak in opposite direction (electricity supply) at another moment in time. These new appliances bring with them an uncertainty to the future load development of the electricity grid for distribution system operators. Especially on the low voltage (LV) grid level, uncertainty in loading will increase as the increasingly unpredictable character of residential loads is of greatest impact here. Demand side management (DSM) poses a possible solution for these problems, providing a means to influence electricity demand and therefore diminish the impact on the electricity grid. However, the current planning approach is not adequate to properly take DSM into account as network planning options for the LV grid. Nor can it consider the stochastic nature of decentralized generation. This paper presents a probabilistic approach to simulating LV networks. First the differences between deterministic and probabilistic planning methods are discussed. Next the probabilistic planning method is described and what data is used. Results from simulations are compared to deterministic planning and the impact of flexibility in (future) residential loads is determined. This paper builds on results reported in [1] , investigating the impact of household's flexibility in LV network planning.
DETERMINISTIC PLANNING
Current (deterministic) planning of LV networks is mostly done using a peak-planning approach, based on the maximum expected household load during the year.
This maximum load (worst case-approach) is used in combination with key figures for its simultaneity with other households in the network. This is done as the highest combined power (of households) is always lower than the maximum power of the individual households combined. The Strand-Axelsson (SA) method relates the maximum average power use of households to the yearly energy use [2] :
The maximum power use (Pmax,n) of n households in a LV-network can be calculated from one household's yearly energy use (E1), where α and β parameters are determined empirically. This method is valid when multiple household loads are evenly divided among phases and in radial LV-networks. LV-networks are planned to be able to cope with increasing loads for 30 years. A percentage of yearly increase of electricity use is determined, based on previous years. This increase in loading accounts for an increase in connections to the electricity grid, as well as an increase in loading due to behavior. Currently, there is no standard procedure to take an increasing penetration of HP, EV and PV panels into account. The trend in LV-network planning is 'better safe than sorry', designing networks that can cope with large increase of loads and big simultaneity factors [2] . Due to this way of calculating, the full capacity of the network is rarely utilized.
PROBABILISTIC PLANNING
Literature suggests probabilistic analysis methods as a favorable way to calculate the impact of future loads in current LV network topology. A probabilistic planning method can better take the stochastic character of PV production into account [3] , more accurately determine occurring peak loads [4] with penetration of new appliances, and take flexible loads into account [5] . Monte Carlo simulation is used for probabilistic LVnetwork design. The Monte Carlo technique substitutes a range of values (probability function) for the input variables of the calculation. The simulation is carried out multiple iterations to yield a result with a probability of occurring [6] . Instead of having one value for loading of a household (peak load in current planning method) the Monte Carlo method will sample one possible value for household loading for each calculation, from a probability curve.
METHOD
Simulation of LV networks is carried out in three steps. Firstly the network loading is determined by using the current (deterministic) approach. Secondly the same network is simulated stochastically, sampling values for household loading from a real-life measured dataset. Finally the network is simulated stochastically again, now adding PV, EV, HP and flexibility.
Measurement data
For stochastic LV-network planning, data is required representing the probability of a certain power occurring at a given time. This data is collected for households (current loading), electric vehicles, heat pumps, and solar radiation. Household power consumption data is retrieved from distribution system operator (DSO) Liander open data database. This data consists of actual smart meter data of 80 households for the year 2013 [7] . Data for electric vehicles (EVs) is supplied by ElaadNL, providing measured data for charging stations of EVs for the year 2015. Of this EV data, charging profiles matching expected residential charging patterns are selected. For solar irradiation, data is taken from the royal Dutch meteorological institute (KNMI) Data Centre, providing solar irradiation data for 10 years (2003-2013) in The Netherlands. DSO Enexis provides expected solar PV system size and peak power production [8] for an average household based on free roof area. Solar panel efficiency is chosen accordingly at 15%. Heat pump data is retrieved from the Jouw Energie Moment pilot, analyzed in [1] , this is actual measured data for power consumption of heat pumps (2 kWe) for 30 households from March 2013 until March 2014. Of crucial influence on the power use of HPs is that the HPs in this set do not have an electrical element for heating. Because measurements for only one year are available, heat pumps are sampled based on outside temperature. This way, we decouple the temperature that has occurred in the measured year at a certain time from the data set. For sampling temperatures, data is taken from the KNMI Data Centre for the years 1988-2015.
Flexibility of households
Investigating DSM, several Western European pilots addressed the possibility of activating flexibility in electricity use of residential customers. In [1] , flexibility is reported as an average change in household load (for household load, heat pumps and electrical vehicles) per hour of the day. The Low Carbon London pilot (analyzed in [1] ), found that flexibility not only lowers average power consumption (during high price moments) but also decreases variance in the power use of customers [9] . These results are hard to reproduce for other flexibilities, as there is no indication by what value the variance should decrease. As flexibility has an impact on average power use, the simplest way to represent flexibility is by shifting the power use probability curve towards a lower (or higher) average. Assuming the Low Carbon London results hold, this is even underestimating flexibility, but relatively straightforward to implement. The presented way of dealing with flexibility causes the need to represent flexibility as a change in average load profile. This means that, rather than adding flexibility to a calculation as an extra stochastic variable, flexibility is represented as a change in load profile of the appliance to which the flexibility applies. Assumed is that the only incentive that can be given is either 'provide flexibility' or 'do not provide flexibility'. This means that full (stochastic) flexibility potential is given when asked and the normal load curve is followed when no flexibility is asked. Another assumption is that the goal of the DSO is to reduce peak power usage. Therefore incentive for lowering power is assumed from 16:00 until 0:00, when peak power occurs. Incentive for increasing power is assumed from 0:00 until 6:00, when power demand is low. The preferred load profiles are constrained to yield the same energy use over the day as the current load profile, the requested increase in energy use equals the decrease in energy use at another time. This way the average load curve will be affected as shown in Figure 1 . In order to prevent a new peak load due to EV's providing more power increase than needed, extra (active) control of charging stations is assumed. This means that the EV preferred power use curve does not follow the maximum line of increase. Applying flexibility to the stochastic load of a household in the simulated network means either adding or
subtracting the requested flexibility from the randomly sampled data.
Stochastic simulation of LV-networks
LV-networks are simulated stochastically using Matpower [10] , a Matlab-based simulation software for power flow simulations. In Matpower, a LV-network is modeled. This network is used to solve AC power flows, both deterministically and stochastically. By modeling each household in the network as a power consuming and producing node, each household's power can be set independently. This simulation process is carried out on a real-life example network, taken from the Hermes DG3 project [11] . From this research, the most critical network is selected, and from this network the most critical cable is chosen. This is cable C of the LV-network in the town of Epse in the Netherlands, which is shown schematically in Figure 2 . In the figure we see a feeder departing from the LV-bus at a MV/LV substation, this feeder has two branches on it. The network has in it 55 households, represented as arrows departing from the branches. Simulation is done using 15-minute resolution, for each quarter of an hour a power is sampled for each household in the network. Differences in power demand can be seen between months, and between weekdays and weekend days. Measurements of weekdays and weekend days are aggregated per month. Figure 3 represents the simulation process. Showing simulations cycles for i iterations, m months, a weekday and a weekend day (d), for each quarter of an hour during the day (q), and for n nodes in the network. This results in voltages (V) and currents (I) for each node for all simulations (iterations × months × days × times).
Determining the number of iterations
The number of iterations carried out in a Monte-Carlo simulation, determines its confidence interval. If more iterations are carried out, greater confidence can be obtained for the result [6] . There is a trade-off to be made between the precision required and the time needed for calculations. Kullback-Leibler (KL) divergence is used to determine the information gain of each consecutive iteration. The KL divergence gives a relative measure for the uncertainty of a probability distribution [12] . Often the KL divergence is used as a measure for the amount of information lost by approximating one distribution function with the other. For discrete probability distributions, P and Q, the KL divergence is defined [12] as:
The minimum value KL divergence can reach is 0, meaning two distribution functions are identical. values relatively fast, as can be seen in Figure 4 , showing KL divergence for 1 to 500 iterations for household loading in the Epse network.
Figure 4: KL divergence (i||i-1) for number of iterations
During the process of sampling data, each moment in time is assumed to be independent of the others. This means that there is no correlation taken into account when sampling data, even though one might expect this correlation to be there. If power use of e.g. a heat pump has been high during moment t because the temperature has been low, it is likely to still have a high power use at t+1, 15 minutes later. With high numbers of iterations, one can expect to still have covered all possibilities for power usages at several times. Because of this reason, it is chosen to execute at least 500 iterations when simulating the network, even though the KL divergence suggests a lower number of iterations would yield comparable results.
RESULTS
Power flow results show the spread of results is largest at the beginning of the cable in the network, and the largest power flow occurs. The lowest voltage magnitude we see occurring at the node farthest away from the MV/LV substation. These two parts in the network (shown in red in Figure 2 ) are most critical for overloading, therefore these are used for analyzing results when adding more appliances and flexibility. In Figure 5 , we see simulation results for current household load in Epse network. The left figure shows the probability mass function (PMF) for current in the first part of the cable. The right figure shows the voltage magnitude probabilities for the node farthest away from the substation. These probabilities are compared to Strand-Axelsson calculated values (blue lines). The dark blue represents standard SA results, taking into account increasing loads for 30 years. The light blue line shows the results for a SA calculation in year 0, representing the current situation. As the dataset also represents the current situation, these are compared. There is a small chance (P = 0.0091%) of the power flow exceeding the SA calculation for year 0. Likewise, there is a small chance of a voltage magnitude occurring below the SA value for year 0 (P=0.018%). We see there is very little chance of power flows and voltage magnitudes in a network actually reaching the SA calculated values.
Which is to be expected from the approach taken in designing LV networks: 'better safe than sorry'. We now add HPs (2kW), PV systems (1.8 kW), and EVs to each household's load ( Figure 6 ). For current results, a 4.9 % chance of exceeding the SA value is found. The cable limit is now shown in the figure (red line), this is the limit as given by DSO Enexis for a 150 Al cable, at 250 A. We see there now is also a 0.0053 % chance of overloading the cable. The results for voltage magnitude show there is a 4.4 % chance of voltages occurring lower than the SA value. For voltage magnitude there is now a possibility of violating regulatory limits. There is a 0.0021 % of a voltage occurring that is lower than the 5% maximum drop in voltage (218.5 V) between the MV/LV substation (set at 230 V) and the node farthest away. This means that the simulated network no longer complies with limits for both the cable and the voltage magnitudes. Flexibility is now added to the calculation to see if it can prevent the network from overloading. Figure  7 shows the difference between applying flexibility (blue line) and not applying flexibility. The figure shows small differences between applying flexibility or not. There is less chance of high power flows and low voltages occurring if flexibility is applied. On the other hand the average power flow and voltage magnitudes occur more often. Flexibility causes the network to become more predictable, but does not rule out extreme values. Table 1 show a comparison between the simulation with and without flexibility.
CONCLUSIONS
We see that chances of overloading a network planned with current planning method are close to zero. As current planning is done for 30 years into the future, this 
RECOMMENDATIONS
In this research, the power use at each time interval is assumed to be independent. Including this dependency may reduce the required number of iterations and calculation time. Adding time-dependency can also provide insight in the durations of overloading (e.g. 4 hours per year occurring at once or several times 15 minutes). The datasets used for the simulations in this research could be improved. Household data now consist of average households, it may be interesting to split this up into types of houses. Heat pump data was only available for one year and from houses in one street. A more elaborate dataset could provide greater certainty of timedependence of HPs. EV data is now taken from (semi-) public charging stations. Only charging stations that are assumed to show similar behavior to household charging stations are used. Real measured data from household EV charging patterns would provide a better fit. Another crucial data input missing in this research is the additional electrical element many HPs have. This may have major impact on results, as such electrical elements usually have a considerably higher rated power that the HP itself. A 2kW HP (as used in this research) can have an electrical element of 8kW. Lastly, the penetration level of appliances is not taken into account in this research. Here a 100% penetration is always assumed when simulating the future situation. The expected penetration of appliances could for instance also be integrated as a stochastic variable. The method provided can help investigate the impact of the penetration and the position in the network of new appliances on the LV network.
